cycle of the East Asian summer monsoon. The wet and dry phases of the regional patterns can substantially modulate the frequency of daily rainfall across China. The discovered links between weather patterns, precursors, and effects on local and remote precipitation may provide a valuable basis for hydrological risk assessments and the evaluation of numerical weather prediction models.
Introduction
Precipitation over China has a strong seasonal cycle, governed primarily by the East Asian Monsoon (EAM). The EAM is characterized by a distinct seasonal reversal of flow associated with sea-level pressure and temperature differences between the Asian continent and surrounding oceans (Webster et al. 1998; Chang 2004; Wang 2006) . Therefore, the annual cycle of the EAM can be divided into a warm, wet summer monsoon and a dry, cold winter monsoon. In this study we define extended winter as November-April and extended summer as May-October.
The East Asian winter monsoon features strong northeasterly winds that transport dry and cold air from Siberia into China. On shorter timescales, East Asia is influenced both by midlatitude and tropical disturbances, due to its location in the subtropics. Extratropical systems affect weather extremes over China predominantly during winter. Cold surges are accompanied by strong winds and a sudden fall of surface air temperatures in the midlatitudes and subtropics (Boyle and Chen 1987) , which can cause large damages from blizzards, freezing rain and low temperatures (Gu et al. 2008; Zhou et al. 2011; Wang et al. 2008; Gao et al. 2008) .
The East Asian summer monsoon is characterized by strong southwesterlies that transport moisture into East Asia. Strong rainfall variability can produce disastrous regional Abstract The causes of subseasonal precipitation variability in China are investigated using observations and reanalysis data for extended winter (November-April) and summer (May-October) seasons from 1982 to 2007. For each season, the three dominant regions of coherent intraseasonal variability are identified with Empirical Orthogonal Teleconnection (EOT) analysis. While previous studies have focused on particular causes for precipitation variability or on specific regions, here a comprehensive analysis is carried out with an objective method. Furthermore, the associated rainfall anomaly timeseries are tied to specific locations in China, which facilitates their interpretation. To understand the underlying processes associated with spatially coherent patterns of rainfall variability, fields from observations and reanalysis are regressed onto EOT timeseries. The three dominant patterns in winter together explain 43% of the total space-time variance and have their origins in midlatitude disturbances that appear two pentads in advance. Winter precipitation variability along the Yangtze River is associated with wave trains originating over the Atlantic and northern Europe, while precipitation variability in southeast China is connected to the Mediterranean storm track. In summer, all patterns have a strong relationship with the Boreal Summer Intraseasonal Oscillation and are modulated by the seasonal 1 3 droughts or floods (Huang et al. 1998; Huang and Zhou 2002; Barriopedro et al. 2012) . During summer the tropical intraseasonal oscillation (ISO) is the dominant source of variability in the EAM [e.g., Webster et al. 1998 ]. In contrast to boreal winter, when the ISO is tropically confined and mainly eastward propagating, the boreal summer ISO (BSISO) extends further north. Both are manifestations of the Madden-Julian oscillation (MJO; Madden and Julian 1972) . Lee et al. (2013) defined two indices for the extended boreal summer (May-October) ISO, which will be used in this study. The BSISO-1 index describes northward/ northeastward propagation over the Indian summer monsoon region (Yasunari 1979 (Yasunari , 1980 Krishnamurti and Subramanian 1982; Lau and Chan 1986; Wang et al. 2005; Annamalai and Sperber 2005) and northward/northwestward propagation over the Western North Pacific-East Asian region (Murakami 1984; Chen and Chen 1993; Kemball-Cook and Wang 2001; Kajikawa and Yasunari 2005; Yun et al. 2009 Yun et al. , 2010 ; the BSISO-2 index also describes similar propagation in the Indian and Western North Pacific-East Asian sectors. However, the spatial structures of the circulation anomalies associated with BSISO-1 and BSISO-2 are different. In contrast to BSISO-1, convection associated with BSISO-2 first appears in the equatorial Indian Ocean and the Philippine Sea, and propagates northwestward over the Indian subcontinent as well as over the Western North Pacific-East Asian region. The northward propagating Rossby-wave like circulation patterns associated with BSISO-1 have periods of 30-60 days. BSISO-2 captures frontal-like systems with a southwest to northeast slope and periods of 10-30 days. While variability related to BSISO-1 occurs throughout May-October, that associated with BSISO-2 peaks during the monsoon onset season from late May to early July.
The impact of specific phenomena on precipitation in the EAM region has been investigated, e.g. cold surges (Lau and Lau 1984; Chen et al. 2004; Jeong et al. , 2006 , high-frequency synoptic variability (Hong 2004; Kim et al. 2010) , mid-and high-latitude blocking (Wang et al. 2000; Samel and Liang 2003; Yihui and Chan 2005; Yang and Zhai 2014) , and variability of the Arctic Oscillation (Wen et al. 2009; Mao et al. 2011) . Modes of intraseasonal variability have been investigated for specific regions, e.g. for the southern and central portions of the Yangtze river basin Mao and Wu 2006) . The effect of the BSISO on precipitation in China has been described for specific regions and for individual rainfall events (e.g. Yang and Li 2003; Zhu et al. 2003; Mao et al. 2010; Gao et al. 2013; Liu et al. 2014; Li et al. 2015; Hsu et al. 2016) . Previous studies have also linked subseasonal wintertime precipitation variability to the MJO (Liu and Yang 2010; Jia et al. 2011; He et al. 2011) . Even though the MJO is the dominant mode of tropical subseasonal variability, Yao et al. (2015) showed in their Empirical Orthogonal Function (EOF) analysis of November-March pentad precipitation that the MJO is only relevant to South China, where in some locations it explains up to 10% of the subseasonal precipitation variability.
In this study we objectively determine coherent spatial patterns of intraseasonal rainfall variability, instead of relying on predefined regions or standard correlation analysis. Empirical Orthogonal Teleconnection analysis (EOT) is applied to observed precipitation from the APHRODITE data set. We also use EOT analysis and APHRODITE in Part I of this study (Stephan et al. 2017) , where the focus is on interannual variability of seasonal precipitation. In Part I, EOT analysis successfully reproduces robust known patterns reported by several earlier studies; it also provides new insights into patterns of coherent precipitation variability and their causes. This study examines interannual and intraseasonal precipitation variability in China across all seasons, using the same technique.
The paper is arranged as follows. Section 2 introduces data sets and analysis techniques. Section 3 describes the leading patterns for wintertime subseasonal precipitation variability; Sect. 4 describes those for summer. Section 5 is a discussion; a summary of the main results is given in Sect. 6.
Data and methods

Empirical orthogonal teleconnections
In the following we will summarize the EOT analysis technique. Please refer to Part I for a detailed description of the method.
EOT analysis identifies independent regional patterns of variability (Van den Dool et al. 2000; Smith 2004 ). The EOT method has been successfully demonstrated for interannual precipitation variability (Smith 2004; Rotstayn et al. 2010; Klingaman et al. 2013; King et al. 2014 ) and for intraseasonal extreme precipitation (King et al. 2014 ). In Part I of this study (Stephan et al. 2017 ) the method was shown to successfully reproduce known patterns of interannual precipitation variability in China. Restricting our analysis domain to China, the first EOT is defined as the timeseries at the point that explains the most variance in the area-averaged precipitation timeseries. The associated spatial pattern is a map of correlation coefficients at each point with this so-called base point. To compute the second EOT timeseries, the first EOT timeseries is removed from all points in the domain by linear regression, and the above steps are repeated. The process can be repeated as many times as there are gridpoints.
EOT analysis thus identifies regions in which subseasonal precipitation varies strongly and coherently. Because the EOT timeseries are constrained to be orthogonal only in time, not in space, it is possible to find more than one physical mechanism to be associated with precipitation in the same area.
As a measure of uncertainty due to a limited sample size in time, we compute the percentage of total explained space-time variance for each EOT leaving out 1 year at a time. If the difference between the greatest and smallest values is greater than half the difference between the total explained variance of an EOT and that of either of its neighbours, we consider the EOT to be degenerate. The fractions of total space-time variance explained by the seven leading EOTs for winter and summer are shown in Fig. 1 . In summer, the first four EOTs are distinct from the others. In winter, EOTs 1, 2 and 3 are distinct, but EOTs 4 and 5 are degenerate. EOTs 6 and higher explain only small fractions of the total space-time variance. For consistency with Part I of this study, we analyze EOTs 1, 2 and 3 for both summer and winter.
Connections between regional rainfall and large-scale atmospheric circulation patterns are established by linearly regressing atmospheric data sets onto each EOT timeseries. All computations are performed on 26 years of pentad data after removing the pentad climatology. Regressions show the change associated with a one standard deviation increase in the EOT timeseries, but all discussions hold for negative anomalies in the EOT timeseries, with patterns of opposite signs. We use Spearman's rank correlations because the rainfall data are not normally distributed.
Precipitation data
Daily precipitation over China is obtained from the Asian Precipitation-Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE; Yatagai et al. 2012 ) data set, with a resolution of 0.5° × 0.5°. Please refer to Part I for a description of this data set. We compute pentad precipitation timeseries for 26 years of winter (NDJFMA) and summer (MJJASO) by averaging over 5-day intervals starting on 1 Nov 1981 for winter and 1 May 1982 for summer, such that each season consists of 36 pentads. These years are chosen to match the record of BSISO index data (1981 onwards) made available by the International Pacific Research Center at the University of Hawaii. Furthermore, we remove the climatological seasonal cycle by subtracting the 26-year mean from each pentad. These two choices focus the analysis on a subseasonal timescale.
Atmospheric and oceanic data
To investigate the influence of the atmospheric circulation on regional precipitation patterns, the following fields from the European Centre for Medium-Range Weather Forecasting Interim global reanalysis (ERA-Interim; Dee et al. 2011 ) are regressed against EOT timeseries, using data for 1981-2007 at 0.7° × 0.7° resolution: horizontal wind and geopotential height at 850, 500, and 200 hPa, horizontal wind divergence at 200 hPa, streamfunction at 500 hPa, mean sea level pressure (MSLP), 2 m air temperature, and vertically integrated moisture flux. We employ monthly means of 2.5° × 2.5° interpolated satellite-retrieved outgoing longwave radiation data (OLR; Liebmann and Smith 1996 ) for 1981 -2007 , as a proxy for convective activity.
BSISO indices
To connect regional rainfall variability to the BSISO, we compute pentad-BSISO indices from the daily BSISO indices proposed by Lee et al. (2013) . Their indices are computed using multivariate Empirical Orthogonal Function (MV-EOF) analysis of normalized daily mean OLR and 850 hPa zonal wind anomalies over the Asian summer monsoon region (10°S-40°N, 40°E-160°E) from May to October in 1981-2010. The anomalies are computed by removing the mean and first three harmonics of the annual cycle, then removing the mean of the previous 120 days. Lee et al. (2013) computed the first four MV-EOF modes, which together account for 19.4% of total daily variance of the combined OLR and 850 hPa wind anomalies over the selected region. The principal component timeseries of the leading two modes define BSISO-1, and the third and fourth define BSISO-2. We compute pentad BSISO-1 and BSISO-2 amplitude and phases by first forming pentads from the four individual normalized principal component timeseries. In a second step we compute amplitude and phase for our pentad BSISO-1 and BSISO-2. Please refer to Figs. 9 and 10 in Lee et al. (2013) for composites of OLR and 850 hPa wind during each BSISO-1 and BSISO-2 phase.
Wave activity flux computation
To diagnose the direction of wave energy propagation, we regress the perturbation stream function onto a normalized EOT timeseries. We then compute the wave activity flux W from the regressed and the climatological mean flow Ū = (ū (x, y),v(x, y) ). Takaya and Nakamura (2001) derived the horizontal components for stationary Rossby waves in a zonally varying basic flow:
where subscripts denote partial derivatives.
Winter results
In the following we examine the three dominant patterns of coherent intraseasonal rainfall variability during extended winter and present their associated synoptic-timescale atmospheric circulation patterns. In addition to synoptic timescales, we discuss the interannual variability of pentad rainfall in each identified region. Afterwards, we show how particularly wet and dry periods in each region are connected to China-wide daily rainfall variability. The three leading EOTs of pentad rainfall over China during extended winter explain 21, 15 and 7% of the total space-time variance, respectively (Fig. 2) . EOT 1 peaks along the Yangtze River and has significant positive correlations with most areas in China except for the far northeast,
southwest and northwest. EOT 2 is centered in the southeast and exhibits a dipole pattern with areas of variability of opposite phase to the north. The third EOT also peaks along the Yangtze valley, but its base point is located further east than that of EOT 1. It is positively correlated with precipitation variability in most of northwest and north China, and negatively correlated with some regions in the southwest. Each EOT can explain the precipitation variability in large connected areas of China. This suggests that largescale synoptic patterns are responsible for modulating precipitation on subseasonal timescales. Figure 3 shows regressions of fields onto EOT 1 at lead times of two, one and zero (simultaneous) pentads. At a lead time of two pentads a ridge centered over western Europe is visible in the 500 hPa geopotential height field. Wave activity flux at lead times of two and one pentads indicates an eastward propagating wave pattern. At a lead time of one pentad, in addition to the ridge over western Europe, a southwest-to-northeastward tilted trough extends from northern Africa to Siberia and a ridge develops over eastern Asia. The simultaneous regression indicates that the ridge over East Asia has intensified and is now part of a zonal dipole pattern with low pressure extending from the Arabian peninsula to central China and high pressure centered over Japan.
Synoptic-scale circulation patterns
EOT 1
The 200 hPa westerly jet stream weakens at 30°N and strengthens to the south and north (not shown), creating upper-level divergence over large areas of China (simultaneous regression).
There is enhanced northward moisture transport from the South China Sea into Mongolia and Russia. A second branch of anomalous moisture flux along the southern slope of the Himalayas provides southeast China with moisture. While pentad scales are too coarse to resolve 
EOT 2
Figure 4 shows low geopotential height in the Mediterranean Sea at a lead time of one and two pentads. The 500 hPa trough extends from the eastern Mediterranean Sea to the Pacific coast of China. Wave activity flux vectors point east and suggest that the developing low pressure over Asia is related to a strengthened Mediterranean storm track. The simultaneous regression indicates that anomalously low pressure spreads across most of China. The associated cyclonic circulation transports moisture from the Bay of Bengal and the South China Sea along the southeast coast of China, where EOT 2 peaks. Unlike EOT 1, here the 200 hPa jet is not split, but diverted southward over South Korea and Japan (not shown), such that upper-level divergence is found only over southeastern China.
EOT 3
The simultaneous regression in Fig. 5 shows a strong wave pattern extending from the high latitudes of northern Europe to the western Pacific. This pattern is already present at a lead time of one pentad, but with a stronger ridge over Europe and a weaker ridge over the western Pacific compared to the simultaneous regression. The ridge over Europe can be traced back to a lead time of two pentads. The simultaneous regression of moisture flux shows two pathways for moisture: northward transport from the Indian Ocean and the Pacific into southeast China, and eastward across the Tibetan Plateau.
Anomalous southwesterlies at 200 hPa (not shown) create upper-level divergence over large areas in the northern half of China. This divergence, combined with the eastwarddirected branch of moisture flux, explains the large areal coverage of the EOT 3 pattern.
Variance of EOT timeseries with the seasonal cycle
In the previous section we found the large-scale circulation patterns associated with the three winter EOTs. Since the seasonal cycle of rainfall in China is very strong, we may reasonably suspect that the manifestations of intraseasonal variability may themselves have a seasonal cycle. In addition, driving factors of variability that impact China may also differ through the season. Therefore, we now study the seasonal cycle of the variability of each EOT timeseries. We compute the interannual standard deviation of each EOT timeseries as a function of pentad number (Fig. 6, red lines) . Large standard deviations indicate that an EOT pattern tends to be active during this time of the season, i.e. particularly wet or dry pentads tend to occur during this time. Small standard deviations indicate that the precipitation anomalies associated with an EOT pattern are relatively small. The standard deviation of EOT 1 has a minimum at six pentads, which corresponds to mid-December (Fig. 6a) . Before and after this minimum, the standard deviation rises to about 4.5mm/day at the beginning of November and the end of April, respectively. The seasonal cycle of EOT standard deviation is strongly correlated (r = 0.84) with the mean seasonal cycle of precipitation in the area around the EOT 1 base point, i.e. in the central Yangtze River valley (black line). This strong relationship with the seasonal cycle is expected: during climatologically dry pentads, it is unlikely for strong rain events to occur, and therefore variance in the EOT timeseries is small. Similar strong relationships between the mean seasonal cycle and the EOT standard deviation are obtained for EOT 2 (Fig. 6b ) and EOT 3 ( Fig. 6c ) with correlation coefficients of 0.81 and 0.88, respectively. EOT 2, which peaks in southeast China, can be divided into a less active regime during November-January and a more active regime during February-April, during the spring rains. The seasonal cycle of EOT 3, which shows the highest spatial coherence in the eastern Yangtze valley, is similar to EOT 1.
Effects on China-wide daily rainfall
Our analysis so far has been limited to pentad precipitation variability. Here, we report how particularly wet and dry phases of each EOT modulate the characteristics of Chinawide daily precipitation in terms of frequency of occurrence and intensity. For each gridpoint, we define a day as wet when total precipitation exceeds 0.5 mm. First, the climatological frequency of wet days, f c , is computed for each season (Fig. 7i) . Next, for each EOT, we select the days that fall into the wettest and driest 10% of EOT pentads, respectively, and again compute frequencies of wet days, f wet and f dry . The relative change in the occurrence of wet days is defined as f A = (f wet − f c )∕(f c ) ⋅ 100 for wet phases of the EOT, and similarly f A = (f dry − f c )∕(f c ) ⋅ 100 for dry phases. Maps of f A are shown in the panels labeled 'Frequency' in Fig. 7 . All changes shown are statistically significant at the 5% level, according to a two-tailed binomial test.
In addition to changes in the frequency of wet days, we also examine changes in precipitation intensity. The climatological precipitation intensity I c is defined as the average amount of rainfall on wet days (Fig. 7j) . Similar to the procedure above, for each EOT, I wet and I dry are defined as the average amount of rainfall on wet days that fall into the wettest and driest 10% of EOT pentads. The changes in intensities I A = (I wet − I c )∕(I c ) × 100 for wet phases, and I A = (I dry − I c )∕(I c ) × 100 for dry phases are shown in the panels labeled 'Intensity' in Fig. 7 . For I A , statistical significance is assessed by obtaining the overall rainfall intensity distribution for wet days. A two-sided Kolmogorov-Smirnov test is performed to test whether the intensity distributions during wet and dry phases of the EOT timeseries are significantly different from the overall distribution.
In large parts of eastern China the frequencies of wet days during wet EOT 1 pentads are more than double their climatological values (Fig. 7a) . The area of significant changes in frequencies agrees well with the region affected Spearman's rank correlation coefficient (r) of the two timeseries is given at the bottom left of each panel. All coefficients are significant at the 1% level by the EOT (95% confidence region in Fig. 2a) . Meanwhile, a significant change in rainfall intensity of the order of 50% is only seen along the Yangtze River, in the region surrounding the EOT 1 base point (Fig. 7b) . A change of opposite sign in intensity is found in the same region during the dry phases (Fig. 7d) . Unlike the wet phases, the relative changes in frequency during the dry phases of EOT 1 can be negative and positive (Fig. 7c) ; there are relatively fewer wet days along the Yangtze River, but more wet days in southwest China and along the Himalayas, as well as in parts of northeast China. The asymmetry between Fig. 7a , c can be explained as follows: recall that in the wet phases of EOT 1, i.e. the positive phase, the anomalous moisture flux is directed eastward along the ) for the wettest 10% (a, e, i) and driest 10% (c, g, k) of pentads for each winter EOT. Contours are shown where anomalies are significant at the 5% level based on a two-tailed binomial test. Also shown are the corresponding percentage changes in average rainfall intensities on wet days for the wettest 10% (b, f, j) and driest 10% (d, h, l) of pentads for each winter EOT. Colours are only shown were rainfall distributions differ significantly from their climatological distributions at the 5% level, according to a two-sided Kolmogorov-Smirnov test. The climatological occurrence frequencies of wet days and average rainfall intensities on wet days are shown in m, n. Please refer to the text in Sect. 3.3 for definitions and a detailed description Himalayas and across southeast China into the Yangtze valley, as well as northwestward from northeast China into Mongolia (Fig. 3) . In the dry phases, moisture flux is in the opposite direction, such that moisture is transported into climatologically dry regions (Fig. 7i) , where topography rises steeply towards the Himalayas. Therefore, moisture flux out of these regions does not make a large difference to the occurrence of wet days, which are few on average, but moisture flux into these regions can significantly increase their frequency.
For winter EOT 2, we find similarities with EOT 1: frequency changes during the wet phases (Fig. 7e) resemble the region affected by the EOT (95% confidence region in Fig. 2b) , with up to 100% more wet days along the southeast coast, and 60% larger rainfall intensities around the base point (Fig. 7f) . During the dry phase, the rainfall intensity is reduced by ~40% in southeast China while it increases along the Yangtze River by ~40%. Changes in wet day frequencies for the dry phases of EOT 2 (Fig. 7g ) strongly resemble those for the wet phases of EOT 1 (Fig. 7a) .
For EOT 3, which peaks in the eastern Yangtze River (Fig. 2c) , there are large frequency changes during the wet phases (Fig. 7i) , also resembling the region affected by the EOT (95% confidence region in Fig. 2c) , with 50% larger rainfall intensities in central eastern China (Fig. 7j) . During dry phases both occurrence and intensity are reduced along the eastern Yangtze-Huaihe river basin, and increased in southern China (Fig. 7k, l) .
Summer results
The spatial patterns of the leading three summer subseasonal EOTs are shown in Fig. 8a-c . Much less variance is explained by the leading subseasonal EOTs in summer compared to winter. This is because summer monsoon precipitation systems have an inherently smaller spatial scale than the extratropical systems found in winter. Nevertheless, their impact on regional rainfall can be very important. Unlike the winter EOT patterns, the three summer EOT patterns are all associated with circulation anomalies in the Indian Ocean and the Western North Pacific-East Asian region. They do not have any statistically significant links to extratropical circulation anomalies and there are no significant signals at leads of 5-10 days, unlike for winter.
EOT 1 explains 7% of the total space-time variance and describes a monopole in southern China. The spatial pattern associated with EOT 2 peaks along the Yangtze River and extends from the Pacific coast into the western half of China. Variations in the opposite phase are present in the coastal region of southeastern China. EOT 3 peaks in the southeast with variations in the opposite phase in the Yangtze-Huaihe (f) EOT 3 longitude (°E) Fig. 8 Top: correlations of summer EOT rainfall anomaly timeseries at each point with the EOT base point. The base point is marked by the orange inverted triangle. Magenta lines identify regions where correlations are significant at the 5% level. Bottom: regression maps of summer 500 hPa geopotential height (GPH, shading) and moisture flux (arrows) onto the normalized summer EOT timeseries. Regression slopes are shown where correlations are significant at the 5% level. Moisture flux vectors are grey when one of the horizontal components is significant, green when both are significant at the 5% level river basin. In the following we present evidence that all three EOTs are linked to particular phases of the BSISO (refer to Sects. 1 and 2.4 for more information and technical definitions of the BSISO indices). An examination of the seasonal cycle of the EOTs and the modulation of China-wide daily rainfall variability, as for winter, follows in Sects. 4.2 and 4.3, respectively.
Synoptic-scale circulation patterns
To associate regional rainfall variability with the BSISO, we select pentads in the 90th percentile of each summer EOT timeseries, and test whether those extremely wet pentads occur preferentially during specific phases of BSISO-1 and BSISO-2. BSISO-1 and BSISO-2 are each divided into eight phases, as shown in Fig. 9 , where the inner circle with amplitudes <1 denotes a weak BSISO. Numbers show the percentages of the top 10% of summer EOT pentads that occur during each of the eight phases, including weak BSISO states. To test whether these percentages are significantly different from a distribution one might obtain randomly, we compute the climatological occurrence of each phase, and the weak states, and perform two-tailed binomial tests. In Fig. 9 , red numbers indicate significantly increased percentages, and blue numbers significantly reduced percentages, using a 95% confidence level. For the following discussion, refer to Figs. 9 and 10 in Lee et al. (2013) for composites of OLR and 850 hPa wind during each BSISO-1 and BSISO-2 phase. Furthermore, we decompose each EOT timeseries e(t) into a component that is explained by the BSISO and the residual, i.e. e(t) = e BSISO (t) + e res (t). The BSISO-related timeseries is found by multiple linear regression onto the four BSISO principle component timeseries, i.e. e BSISO (t) = a 0 + a 1 PC 1 (t) + a 2 PC 2 (t) + a 3 PC 3 (t) + a 4 PC 4 (t), where a i are constants. Figure 10 shows regressions of OLR and 850 hPa wind onto e BSISO (t) and e res (t) for each EOT. Figure 9 indicates that events in the 90th percentile of EOT 1 occur preferentially during phase 4 of BSISO-1 and phase 5 of BSISO-2. BSISO-1 phase 4 describes the northward propagation of convection from the tropical Indian Ocean into the Bay of Bengal with a simultaneous eastward propagation of convection across the Maritime Continent into the tropical western Pacific. During this phase a lack of convection and an anticyclonic circulation are situated southeast of China; winds on the northwestern side of the anticyclonic circulation advect moisture into southern China (Fig. 10a) .
EOT 1
Phase 5 of BSISO-2 describes a southwest to northeast orientated band of convection propagating northwestward from the South China Sea and the Indian Ocean over East Asia. The regression of 500 hPa geopotential height and moisture flux (Fig. 8d) onto EOT 1 is consistent with a frontal zone along the southeastern coast of China. The band of southwesterly moisture flux stretching from India to southern Japan resembles the lower-tropospheric winds associated with BSISO-2 phase 5 that can also be seen in Fig. 10a .
EOT 1 anomalies that are not explained by the BSISO are positively correlated with OLR anomalies in the South China Sea (Fig. 10d) .
EOT 2
A high pressure system centered over Taiwan transports moisture from the South China Sea northwards (Fig. 8e) . Strong positive events are associated with BSISO-1 phase 3, which is consistent with the southwesterly lower-tropospheric flow in southeastern China, offshore winds near 30°N and easterlies over the Philippines. In addition, there is significant eastward moisture flux across Bangladesh and the Tibetan Plateau. Figure 10b closely resembles the characteristic wind and OLR patterns associated with this phase (e.g., Lee et al. 2013) , including circulation and OLR anomalies over the Indian Ocean.
EOT 2 anomalies that are not explained by the BSISO are positively correlated with OLR anomalies over Taiwan (Fig. 10e) .
EOT 3
Low pressure and a cyclonic circulation can be seen over the coastal area of southeast China (Figs. 8f, 10c ). Moisture is also transported along the southern slopes of the Himalayas. Another area of positive covariability is located where this eastward flux and the southward flux associated with the cyclonic feature converge over southeastern China. 11% of events in the 90th percentile of EOT 3 occur during BSISO-2 phase 4. This phase is similar to BSISO-2 phase 5, described above, but with convective anomalies in the western Pacific shifted slightly southward (Fig. 10c) .
EOT 3 anomalies that are not explained by the BSISO are positively correlated with a local cyclonic anomaly over southeastern China (Fig. 10e ) that is consistent with the cyclonic circulation in Fig. 8f .
We conclude that the BSISO can explain the large-scale circulation and convection anomalies associated with all summer EOTs. The residual anomalies (i.e., the components not related to the BSISO) do not point to large-scale teleconnections, but are local variations in atmospheric convection. Figure 11 displays the same information as Fig. 6 , but for summer. Like in winter, the standard deviation of the EOT timeseries follows the seasonal cycle of total precipitation. The seasonal evolution of precipitation is primarily shaped by the onset and duration of the summer monsoon (Lau and Yang 1997) . The northward-propagating monsoon front first reaches South China in late May, causing the peak in mean precipitation in early summer (Fig. 11a) . Its arrival in the Yangtze-Huaihe river basin during June and July can be seen in Fig. 11b as a peak in midsummer. The seasonal cycle in the peak region of EOT 3, the southeast coast, has a monsoon onset signature in May and June with a second small peak in August. The monsoon onset signatures in the seasonal cycle for peak areas of EOT 1 and EOT 3 are consistent with our findings in Sect. 4.1, where EOT 1 and EOT 3 were connected to indices for the pre-monsoon and onset component of the BSISO, namely BSISO-2 phases 5 and 4, respectively.
Variance of EOT timeseries with the seasonal cycle
Effects on China-wide daily rainfall
Using the same definitions as for winter (Sect. 3.3), we examine the influence of wet and dry EOT phases on the frequency and intensity of wet days (>0.5 mm/day) for summer. For all three extended summer EOTs and in relatively small regions around their base points, wet EOT phases increase the intensity of precipitation on wet days, and dry EOT phases decrease the intensity in similar regions (Fig. 12b , f, j and d, h, l, respectively). Reductions of precipitation intensity in the EOT peak regions are of the order of 40% and increases are of the order of 60% for all EOTs. Unlike in winter, changes in occurrence frequencies are seen in similar areas for wet and dry phases (Fig. 12a , c, e, g and i, k respectively). Furthermore their spatial distribution and magnitudes resemble the changes in intensity. Frequency changes in remote regions do exist in summer, but are small compared to winter and affect mostly climatologically very dry regions.
Discussion
The method used in this study identifies the spatial point that best explains the variability in area-averaged precipitation (or in area-averaged residual precipitation for higher orders) over China. All identified patterns peak in the eastern part of the country because these areas have the greatest mean precipitation, and precipitation variability, and dominate the area-averaged rainfall and its variability. Covariability in the western part of China is small. This implies that different processes are responsible for subseasonal precipitation variability in the west than in the east. Furthermore, EOT spatial patterns are dominated by positive correlations due to the high contributions of variance from gridpoints in the region surrounding the base point. Therefore, strong correlations are only expected close to the base point. Nevertheless, by studying how the frequency of wet days and the rainfall intensity on these days is modulated by wet and dry phases of each EOT, we noticed significant changes in regions that are far away from the peak regions, including the west and northeast. This is the case particularly in winter, when subseasonal rainfall variability is associated with synoptic-scale midlatitude disturbances. Furthermore, results suggest that regional high correlations of rainfall anomaly timeseries with EOT timeseries in the vicinity of the EOT base points are due to a coherent modulation of the frequency of wet days and the intensity of rainfall on these days. Smaller correlations in remote areas, on the other hand, appear to be mainly due to coherent changes in the occurrence of wet days, not to changes in intensity. In summer, changes in daily rainfall are mainly found in regions surrounding the base points. This is consistent with smaller percentages of The peak region of winter EOT 2 shows overlap with the area in southeast China where Yao et al. (2015) showed pentad rainfall during extended winter to be affected by the MJO (their Fig. 4) . They analyzed station data from 1979 to 2012 and found that 4-10% of the temporal variance in rainfall variability within the peak region of our EOT 2 could be explained by the MJO. We computed the same phase diagrams as shown in Fig. 9 for the BSISO, but for winter EOT 2 and using the MJO index of Wheeler and Hendon (2004) . We could not find any evidence for an influence of ) for the wettest 10% (a, e, i) and driest 10% (c, g, k) of pentads for each summer EOT. Contours are shown where anomalies are significant at the 5% level based on a two-tailed binomial test. Also shown are the corresponding percentage changes in average rainfall intensities on wet days for the wettest 10% (b, f, j) and driest 10% (d, h, l) of pentads for each summer EOT. Colours are only shown were rainfall distributions differ significantly from their climatological distributions at the 5% level, according to a two-sided Kolmogorov-Smirnov test. The climatological occurrence frequencies of wet days and average rainfall intensities on wet days are shown in m, n. Please refer to the text in Sect. 3.3 for definitions and a detailed description the MJO on EOT 2 (not shown). We do not expect to find a statistically significant relationship with the MJO, because the evolution of atmospheric pressure and circulation associated with EOT 2 (Fig. 4) is associated with extratropical circulation anomalies that are largely independent of the MJO. In our EOT analysis, for both winter and summer, we have considered teleconnections from the tropics to China. For the winter EOTs, no connections to tropical or sub-tropical circulation anomalies were found. This indicates that the tropics are relatively less important than the extra-tropics in winter for intraseasonal precipitation over China.
Our study provides information about regions in which subseasonal precipitation varies strongly and coherently. This information, plus the knowledge of how daily rainfall frequencies and intensities across all of China are modulated by each EOT pattern, may be useful for understanding and managing the risk of flooding. In Sect. 3.1 we were able to trace precursors of relevant large-scale circulation patterns back to lead times of ten days. Analyzing longer leads in time did not produce any physically consistent or statistically significant features. One possible reason for this limitation is that the atmospheric states found for a lead time of two pentads could result from a variety of pathways. Nevertheless, lead times of two pentads can be very valuable for forecasting precipitation. Other studies have encountered similar limits: in their EOF analysis of wintertime pentad precipitation over China, Yao et al. (2015) identified a coldair outbreak in East Asia associated with a wave train from the North Atlantic. This wave train (their Fig. 11 ) resembles our Fig. 5 . They further attempted to trace the wave train back to an origin in the lower stratosphere over the North Atlantic, as was suggested by Park et al. (2014) , but could not find sufficient evidence. We could not identify a stratospheric origin either. Studies that investigated the origin of cold surges over East Asia report antecedent large-scale wave trains over the Eurasian continent (Takaya and Nakamura 2005; Jeong et al. 2006; Park et al. 2008 Park et al. , 2011 . Their wave patterns do not resemble the patterns we report here, but appear at higher latitudes. This may be expected because the strength of the Siberian high was an important factor in these studies. To our knowledge, the dynamic evolutions shown in Figs. 3 and 4 , and the specific evolution in Fig. 5 and its connection to intraseasonal rainfall variability, have not been previously reported.
EOT timeseries are constrained to be orthogonal only in time, which facilitates the interpretation of associated atmospheric circulation patterns: in studying the firstorder impacts of dynamical mechanisms on precipitation variability, we can focus on specific locations, i.e. the EOT base points. Our results are suitable for assessing global climate models and numerical weather prediction models. The atmospheric circulation patterns, especially in winter, are complex in their evolution; it would be interesting to investigate how well numerical models can reproduce them, and their effects on East Asian precipitation. We have emphasized the importance of several factors, including upper-atmosphere dynamics, storm tracks, topography, and moisture flux, which act together and are coupled to one another to produce these patterns. These factors encompass a variety of spatial and temporal scales. Our analysis techniques could be used to test the sensitivity of model representations of East Asian precipitation variability to horizontal and vertical grid resolution and atmosphere-ocean coupling, for example. This also applies to our results for summer. It remains challenging for numerical models to correctly capture the BSISO and the seasonal cycle of precipitation, which we showed modulates the EOT timeseries substantially [see Fang et al. (2016) and references therein].
We showed that intraseasonal rainfall variability in winter is associated with extratropical wave trains; rainfall variability in summer is associated with the BSISO. In part I of this study, which examined rainfall variability on interannual timescales, we showed that variability in December-February seasonal mean rainfall in some regions is also influenced by ENSO; June-August seasonal mean rainfall in some regions is also associated with extratropical waves. Furthermore, the patterns of intraseasonal precipitation variability are different from the patterns of interannual precipitation variability. These differences in the manifestations of interannual and intraseasonal precipitation variability in China indicate that interannual variability cannot be explained as the integral of intraseasonal variability. This is indeed not expected: ENSO, for example, varies on timescales of multiple years; it is not expected to have a strong influence on five-to-five day precipitation variability. In turn, intraseasonal positive and negative rainfall anomalies can cancel each other within one season and may therefore not project onto interannual variability.
Summary
Using Empirical Orthogonal Teleconnection analysis, we identified the dominant regions of coherent intraseasonal precipitation variability in China, and connected that variability to synoptic-scale circulation patterns. We confirmed strong links between summer subseasonal precipitation variability and the BSISO, and discovered new connections between winter precipitation variability and extratropical synoptic patterns. Together with Part I, which focuses on interannual variability of seasonal precipitation, our study applies the same technique to examine the causes of interannual and intraseasonal precipitation variability in China across all seasons. The objectively identified patterns of regional rainfall variability are tied to specific locations in China. This facilitates their physical interpretation and is potentially useful for understanding hydrological risks. A summary of the main results follows.
Together, the first 3 EOTs in extended winter explain 43% of the total space-time variance in area-averaged pentad rainfall over China (Fig. 2) . The dominant region of precipitation variability is centered along the Yangtze River, but coherent variability exists in most areas of China. This precipitation variability is associated with a wave train of Atlantic origin that can be identified two pentads in advance (Fig. 3) . During wet phases the frequency of days with precipitation >0.5 mm is more than doubled in large parts of eastern China (Fig. 7a) . Along the Yangtze valley, precipitation intensity on days with rainfall >0.5 mm increases by 50% during wet phases, and decreases by 50% during dry phases (Fig. 7b, d) .
Increased winter precipitation along the coast of southeast China is associated with an intensifying depression over Asia that is connected to the Mediterranean storm track (Fig. 4) . During wet phases, twice as many wet days are seen along the southeast coast and 60% larger rainfall intensities are found in southeast China. During dry phases, rainfall intensities in southeast China are reduced by ~40% and increased by ~40% along the Yangtze River (Fig. 7e-h ).
Most areas of northwest and north China show coherent winter subseasonal precipitation variability with the Yangtze valley, while some regions in the southwest tend to be dry when there is increased rainfall in the Yangtze valley, and wet when the Yangtze valley experiences reduced rainfall. This variability is associated with a wave train that can be traced back to a strong ridge over northern Europe two pentads in advance (Fig. 5) .
As expected, the frequency of particularly wet or dry consecutive days in regions that dominate winter precipitation variability is strongly connected to the seasonal cycle of precipitation in those regions. In winter, particularly dry or wet events occur at the beginning of November and in late winter and early spring (Fig. 6) .
The explained space-time variance in summer is much smaller than in winter because of the inherently smaller scale of tropical systems compared to the large-scale drivers that we found for winter (Fig. 8a-c) . Summer subseasonal rainfall variability in southern China is associated with BSISO-1 phase 4 and BSISO-2 phase 5 (Fig. 9a, d) .
Anomalously wet or dry conditions along the Yangtze River with anomalously dry or wet conditions along the southeast coast, respectively, are connected to BSISO-1 phase 3 (Fig. 9b) .
Rainfall variability in the southeast is associated with BSISO-2 phase 4, while variability of opposite phase is found along the Yangtze River (Fig. 9c) .
As in winter, the occurrence of extremely wet or dry events is related to the seasonal cycle of precipitation (Fig. 11) . In contrast to winter, the seasonal cycle of precipitation in summer varies substantially between the dominant patterns of rainfall variability. This is due to the propagation of the monsoon front. Unlike in winter, changes in occurrence frequencies and rainfall intensities are confined to smaller areas. This is due to the inherently smaller scale of tropical weather systems. Increases of occurrence frequencies and rainfall intensities during wet EOT phases are of the order of 60% for all EOTs; reductions during dry phases are of the order of 20-40% (Fig. 12) .
The results presented here indicate that the leading modes of intraseasonal variability of precipitation in China have statistically significant precursors about two pentads in advance. In winter preceding signals have their origins in the extratropics, often over Europe and the North Atlantic. In summer, the BSISO plays an important role. The links between weather patterns, precursors, their seasonal cycle and their effects on local and remote daily precipitation, may be valuable for predicting the risk of intense precipitation events or drought, and evaluating and improving numerical weather prediction models.
